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SigMA
L’équipe

I Signaux, Modèles et Applications, 19 personnes

I 13 permanents : 3 EC-Lille, 2 CNRS, 4 Univ. Lille, 4
Telecom-lille

I 6 doctorants

I Objet : traitement du signal et des images, apprentissage
statistique (aide à l’analyse, à la décision)



SigMA
Thématiques de recherche

I Signaux : provenant de capteurs (bases de photos, sons,
imagerie, vidéos, capteurs de pollution, de turbulences, ...)

I Modèles :

physiques et statistiques : savoir modéliser des signaux
paramétriques : loi de probabilité
non paramétriques : histogramme, dictionnaires
évidentiels : fusion de capteurs multi-modaux
informationnels : sécurité et fuite d’information

I Applications (exemples)

sécurité : détection de signaux cachés, d’intrusion
vidéo : suivis d’objects, vidéo-surveillance
environnement : localisation de sources de pollutions
physique : fusion de mesures (écoulement fluide)
imagerie : biologique, polarimétrique, ...
...



SigMA
Exemples

I Imagerie polarimétrique [V. Devlaminck,

geometry of information, polarized signals, experimental
devices

→ thèse de Julien Flamant



SigMA
Exemples

I Méthodes probabilistes & approches bayésiennes

Bayesian estimation, probabilistic models, dictionary learning,
data fusion, belief functions

Localisation de sources de pollu-
tions (collab. ARIA Tech.)

Dictionnaires et pb inverses
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Inference and Estimation in State-Space Models

I Let us consider :

a set of hidden states xt ∈ Rdx , t = 1, ...,T
a set of observations yt ∈ Rdy , t = 1, ...,T

Inference and Estimation in State-Space Models

• Let us consider:
• a set of hidden states xt 2 Rdx , t = 1, ..., T
• a set of observations yt 2 Rdy , t = 1, ..., T

xt�1 xt xt+1

yt�1 yt yt+1

... ...

• p✓(xt |xt�1) ) the hidden state evolves dynamically (Markov)
• p✓(yt |xt) ) observations are related to the state
• Both distributions are parametrized by ✓

Goal: Inference of the hidden state p(xt |y1:t) and estimation of ✓

• In real-life problems, the models are complex and p(xt |y1:t) cannot be
computed analytically
 Monte Carlo methods: p(xt |y1:t) is approximated by sampling
random numbers

Monte Carlo Methods for Sequential Bayesian Inference F. Septier and V. Elvira 1 / 2

pθ(xt |xt−1) ⇒ the hidden state evolves dynamically (Markov)
pθ(yt |xt) ⇒ observations are related to the state
Both distributions are parametrized by θ

Goal : Inference of the hidden state p(xt |y1:t) & estimation of θ

I In real-life problems, the models are complex and p(xt |y1:t)
cannot be computed analytically
 Monte Carlo methods : p(xt |y1:t) is approximated by
sampling random numbers



Inference and Estimation in State-Space Models

I Problems in (so) many disciplines :
Tracking in radar, space debris, computer vision, etc
Prediction of economical data, biological populations, etc
Weather forecasting

is converted, the full power of AIS sampling is at disposal. We point out that some work on the use of PF

methods for global optimization can be found in [103].

In summary, while working on this topic, we plan to investigate two issues. One is the conversion of opti-

mization problems to MAP estimation, and the other is the research on defining the weight computation without

converting the problem to one that involves probability distributions (Fig. 6). How we can accelerate the search

for the optimal solution with these approaches and how much we gain in robustness when we apply them as

opposed to methods that make probabilistic assumptions are also questions of interest.

4.4 Case-study

A practical application where we will validate our AIS methods is an in-depth study of the progression of cancer

from CSCs. CSCs are stem cells that have undergone genetic mutation or transformation of adult stem cells.

Recent research suggests that in the majority of human cancer types, CSCs are responsible for tumor initiation,

development, recurrence, invasion and response to treatment [41, 102]. There are many mysteries related to the

behavior of CSCs including their role in the formation of tumors and the growth of tumors with time. Biologists

conduct experiments and collect data from them that are then used for modeling, inference, and prediction of

various unknowns that define the CSC system and are vital for its understanding.

In this work, we will focus on selection of models that better describe the CSC system and on estimation of

the parameters that describe it. The results of this e↵ort will further the understanding of cancer progression and

consequently will influence the development of CSC-targeted anti-cancer therapies [7, 61]. This study perfectly

fits the framework of the proposed project since it entails batch-processing of data for inference of large amounts

of unknowns and is further motivated by our long-term collaboration with the research group of Dr. Galina

Botchkina, from the Department of Pathology at Stony Brook University. Her research focuses on understanding

evolution and drug development of colon and prostate cancer. We have already obtained and published very

promising preliminary results on basic models and methods related to this case-study [19, 20, 21, 24]. Dr.

Botchkina has agreed to collaborate by providing sets of real data from experiments carried out in her laboratory

and sponsored by di↵erent sources.
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Figure 7: Top: Evolution of

single cells. Bottom: Evolu-

tion of the system.

Before we apply the proposed AIS methods, we first have to improve the

existing models which do not account for the stochastic nature of the cellular

system [62] and do not accurately reflect the space-time-varying, nonlinear and

three-dimensional nature of the system [58, 119]. In addition, the mathematical

models and algorithms should mirror, as precisely as possible, the cellular com-

munication that leads to di↵erent responses of the system [58, 74] and should

account for the sparse nature of the available data from in vivo experiments.

Monte Carlo simulations have been used to investigate tumor growth [11], tumor

response to radiotherapy [60], and ligand-receptor interactions [129]. However,

these approaches consider very simple models that do not accurately treat all

the factors that a↵ect cellular and tumor behavior.

4.4.1 The problem

Figure 7 (top plot) depicts a possible model for the fate of single cells and

possible courses of action depending on the type of cell, and Fig. 7 (bottom plot) shows the expected time/space

evolution of the whole system. For simplicity and for better explanation of the intricacies of the problem, we

only consider the formation and time variation of the CSC system (first compartment in Fig. 7 (top plot)).

Furthermore, we assume that only CSCs exist at the beginning.1 This simple scheme can be clearly seen as a

Markov chain. The CSCs present two unique properties: (a) they are long-lived cells, and (b) they are able of self-

renewal, which means that they can divide symmetrically (from one CSC we get two CSCs), or asymmetrically

(from one CSC we get one CSC and one progenitor). Cells make decisions based on many thousands of di↵erent

1The real system is more complicated and involves many more states and transitions [3, 62]. The work in this project will include

simulation and analysis of the entire system.
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Stage possible en 2017 5-6 mois

CV+Lettre de motivation 7→ F. Septier, C. Elvira



Inference and Estimation in State-Space Models

I Problems in (so) many disciplines :

Tracking in radar, space debris, computer vision, etc
Prediction of economical data, biological populations, etc
Weather forecasting

↪→ Main challenge :
Design good samplers of random numbers in
complex/high-dimensional problems

⇒ Research objectives :
Adaptive sampling schemes - learn from the past....
Efficient dynamic allocation of the computational effort

↪→ Application : real data from biological system or space
debris...

Stage possible en 2017 5-6 mois

CV+Lettre de motivation 7→ F. Septier, C. Elvira



SigMA
Approches bayésiennes & méthodes de Monte-Carlo

I Monte Carlo methods
algorithms for inference,

DPP = distributions de points “qui se repoussent”

ex : particules chargées, arbres d’une forêt, cellules d’un tissu,
avions au-dessus d’un aéroport...

⇒ méthodes BNP basées sur des DPP...

→ thèse de Guillaume Gautier



SigMA
Processus déterminantaux : applications en machine learning

Sujet M2/thèse : Adaptive subspace discovery using
determinantal point processes for signal processing

Encadrants :
Pierre Chainais, MCF HDR École Centrale, Équipe SigMA

Rémi Bardenet, chercheur CR2 CNRS, Équipe SigMA



Problèmes inverses en traitement d’image

Image d’origine en niveaux de gris



Problèmes inverses en traitement d’image

Image bruitée =⇒ débruitage ?



Problèmes inverses en traitement d’image

Image bougée =⇒ déconvolution ?



Inpainting combinant ondelettes et cosinus locaux (MCA)



Inpainting combinant ondelettes et cosinus locaux (MCA)



Problèmes inverses : mal posés

Idée : chercher la solution dans un espace restreint
⇓

utiliser des a priori bien choisis
⇓

utiliser une représentation adaptée

I bases de fonctions = dictionnaires
exponentielles complexes : Fourier

⇒ pour les signaux périodiques ou stationnaires

cosinus par blocs ⇒ format JPEG

cosinus locaux : signaux localement stationnaires
⇒ dans votre lecteur MP3 !

I apprentissage de dictionnaires : à partir des données

→ thèse de Hong Phuong Dang



Dictionnaire appris sur une image
Apprentissage statistique

I découper l’image en blocs appelés patches, par ex. 7× 7,

I identifier des blocs typiquement représentatifs

I s’assurer que la représentation utilisera peu de motifs
(parcimonie ou sparsity)

1



Inverse problems in image processing

Denoising



Inverse problems in image processing

Denoising



Inverse problems in image processing

Inpainting



Inverse problems in image processing

Inpainting



Stéganographie & Stéganalyse

I Stéganographie et stéganalyse

Stéganographie-

00010101000 
10011100010 
10100010011 
10001010100 
01001110001 
01010001001 

Stéganalyse-

           010  
     110001 

I theory of communications, machine learning, watermarking,
steganography/steganalysis, authentication



Stéganographie & Stéganalyse

I Stéganographie :
l’art de cacher un message dans un support

sélectionner des “cachettes”
(contours, textures...)

modifier le support de façon “imperceptible”
(modifier le dernier bit seulement...)

I Stéganalyse :
l’art de détecter la présence d’un message caché

calculer des “caractéristiques sensibles”,
apprendre à distinguer images stego / cover



Stéganographie & Stéganalyse
Exemple 1

Image d’origine



Stéganographie & Stéganalyse
Exemple 1

Cachettes possibles



Stéganographie & Stéganalyse
Exemple 1

Pixels modifiés



Stéganographie & Stéganalyse
Exemple 1

Image modifiée



Stéganographie & Stéganalyse
Exemple 1

Image d’origine



Fusion de données

Prenons un problème de classification pour les données suivantes :



Fusion de données

Admettons que je sois riche et j’ai un serveur de calcul. Du coup
j’entrâıne plusieurs algorithmes !



Fusion de données

Admettons que je sois riche et j’ai un serveur de calcul. Du coup
j’entrâıne plusieurs algorithmes !



Fusion de données

Admettons que je sois riche et j’ai un serveur de calcul. Du coup
j’entrâıne plusieurs algorithmes !



Fusion de données

Sur mon dataset : un 1er algo donne :

(k-PPV)



Fusion de données

Sur mon dataset : un 2ème algo donne :

(Arbre de décision)



Fusion de données

Sur mon dataset : un 3ème algo donne :

(näıf Bayésien)



Fusion de données

Sur mon dataset : leur fusion donne :

(Vote majoritaire)



Fusion de données

Est-ce vraiment utile ?

1 Sur ce jeu de données oui ! Le meilleur des 3 algorithmes a
85% de bonnes réponses, le vote majoritaire monte à 88%.

2 Peut-on faire mieux qu’un vote majoritaire ?

−→ vers des algos de fusion robustes et adaptatifs.

3 Ca peut vous rendre riche

$1,000,000
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